Background: Metabolic syndrome is a risk factor for type 2 diabetes and cardiovascular disease. We identified common genetic variants that alter the risk for metabolic syndrome in the Korean population. To isolate these variants, we conducted a multiple-genotype and multiple-phenotype genome-wide association analysis using the family-based quasi-likelihood score (MFQLS) test. For this analysis, we used 7211 and 2838 genotyped study subjects for discovery and replication, respectively. We also performed a multiple-genotype and multiple-phenotype analysis of a gene-based single-nucleotide polymorphism (SNP) set.
Introduction
Metabolic syndrome is a cluster of metabolic risk factors for cardiovascular disease and type 2 diabetes that are attributable to both genetic and environmental factors [1] [2] [3] . The National Cholesterol Education Program's Adult Treatment Panel III report (2001) defined metabolic syndrome as a combination of components such as high blood pressure, elevated fasting plasma glucose, high serum triglycerides, and abnormal low-density lipoprotein (LDL) and high-density lipoprotein (HDL) cholesterol levels [4] . Because of the fast-growing economy and rapid industrialization of Korea, metabolic syndrome is likely to become a major public health problem [5] .
Many genetic variants that are associated with metabolic syndrome have been identified by genome-wide association studies (GWASs). However, because these known genetic variants account for only a fraction of the heritability of metabolic syndrome, the genetic determinants of this condition remain undefined [6, 7] . Many common variants with very small effect sizes that are widely distributed across the genome cannot be identified by the use of traditional GWAS cutoffs [8] . Experimental sample sizes must be large because the statistical power to detect associations between DNA variants and a trait depends on the sample size [9] . However, the cost and difficulties of sample collection inhibit the ability to continuously increase the sample size of GWASs [10] . Joint analysis approaches that analyze multiple genotypes and phenotypes have shown improved ability to detect variants relative to single-variant association analyses of the same-size sample [11] [12] [13] . A statistical approach called the MFQLS (http://healthstat.snu.ac.kr/software/mfqls/) test enables the estimation of the genetic relation matrix from population-based samples [14] . From the results of a single test for association with a set of traits, multiple genotype-multiple phenotype analysis reduces the number of tests and mitigates the multiple testing issues, resulting in increased statistical power [13, 14] . This approach identifies genetic variants that have pleiotropic effects for metabolic syndrome and other diseases.
We conducted a multiple single nucleotide polymorphism (SNP)-multiple trait analysis to identify genetic variants associated with metabolic syndrome by utilizing 10,049 samples from Korean subjects. After the multiplegenotype and multiple-phenotype analysis (multi-SNPmulti-trait analysis), 27 SNP pairs were associated with metabolic syndrome in the discovery stage and successfully replicated. Of those pairs, from the joint analysis of a single genotype and multiple phenotypes (single-SNPmulti-trait analysis), we found that three SNP pairs in the respective genes SIDT2, UBASH3B, and CUX2 were significant in the multi-SNP-multi-trait analysis but not significant in the single-SNP-multi-trait analysis. SIDT2 was not previously reported in the NHGRI-EBI GWAS Catalog (https://www.ebi.ac.uk/gwas/) [15] and was significant in the gene-based SNP set and multi-trait analysis. The Genotype-Tissue Expression (GTEx) database shows rs7107152 and rs1242229 on SIDT2 correlates with SIDT2 and TAGLN expression (https://www.gtexportal.org/ home/) [16] . Our findings support the effectiveness of the multi-SNP-multi-trait analysis to identify new susceptible loci in complex diseases.
Results

Multi-SNP-multi-trait analysis
We conducted the multi-SNP-multi-trait genome-wide analysis of metabolic syndrome using 10,049 samples from Korean subjects. We considered six quantitative components of metabolic syndrome: systolic blood pressure (SBP), diastolic blood pressure (DBP), high-density lipoprotein (HDL), fasting plasma glucose (FPG), triglyceride, and waist circumference. Through the multi-SNP-multitrait genome-wide analysis, adjusted for age and sex, 27 SNP pairs satisfied a Bonferroni-adjusted P value threshold of P < 0.05 (P = 1.45 × 10
) and were successfully replicated (Tables 1 and 2 ). All but four of the mapped genes (SIK3, SIDT2, UBASH3B, and CUX2) had been previously reported to be associated with metabolic syndrome, as indicated by a keyword search of "metabolic syndrome" in the GWAS catalog (Tables 1 and 2 ).
Single SNP set-multi-trait analysis
The relation of the individual SNPs, including those on SIK3, SIDT2, UBASH3B, and CUX2, to metabolic syndrome was further examined by single-SNP-multi-trait analysis, adjusted for age and sex. Intronic SNPs on SIK3 showed genome-wide significance in single-SNP-multitrait analysis (Table 1) , but SNPs on SIDT2, UBASH3B, and CUX2 not identified by this approach (Table 2) .
Gene-based SNP set-multi-trait analysis
We conducted gene-based SNP set-multi-trait analysis on 14,475 SNP sets. The mean and median numbers of SNPs in a set were 6.895 and 3, respectively (Additional file 1: Table S1 ). Table 3 shows the gene-based test results. Three genes reached a Bonferroni-adjusted P value threshold (P < 3.45 × 10
−6
). All three genes satisfied statistical significance in the meta-analysis. The number of SNPs in three genes ranges from 3 to 14. SNP sets in two genes (PAFAH1B2 and SIDT2) showed significant P values of < 3.45 × 10 − 6 in the gene-based test and reached a nominal P value threshold of < 0.05 in the replication stage.
Although the results of tests in which 14 SNPs were utilized in CUX2 were significant in the discovery stage, there was only a suggested P value of 0.06 in the replication analysis (Table 3 ). [17] . All three databases showed that the two SNPs correlated with SIDT2 and TAGLN expressions. The GTEx project showed that for rs7107152, the statistical significance of SIDT2 and TAGLN expression in whole blood was P = 3.89 × 10 −14 and P = 3.59 × 10
, respectively (Additional file 1: Figure S1A ), and for rs1242229, the P values were 3.64 × 10 −13 and 4.78 × 10
, respectively (Additional file 1: Figure S1B ) [16] . Additional file 1: Figure S1C -F show gene expression patterns by genotype for the two SNPs. The eQTL catalog showed similar gene expression patterns for the two SNPs (Additional file 1: Figure S2 ). The SNP rs1242229 was mainly expressed in SIDT2 and TAGLN, whereas the SNP rs7107152 showed gene expression patterns not only in SIDT2 and TAGLN but also in PCSK7 and PAFAH1B2 (Additional file 1: Figure S2 ). Additional file 1: Figure S3 shows the gene expression pattern for rs1242229 in RegulomeDB [17] .
Correlation test with previously reported SNPs
To calculate the correlation of the identified SNPs (rs7107152 and rs1242229) in the current study and nearby SNPs reported in the GWAS catalog (intronic variant rs530885291, associated with HDL cholesterol level, and intergenic variant rs508487, associated with triglyceride level), we conducted a pairwise linkage disequilibrium (LD) analysis utilizing the SNP Annotation and Proxy Search (SNAP) server (https://www.broadinstitute.org/ snap/snap) [18] . The pairwise LD analysis showed that SNPs that are listed in GWAS catalog are shown in boldface rs1242229 had a squared correlation of r 2 = 0.167 with rs508487 ( Fig. 1) . The correlation score between rs7107152 and rs530885291, however, was lower than the cutoff score.
SNP pair-single trait analysis
A radar chart shows the results of the rs7107152 and rs1242229 SNP metabolic syndrome-component trait association pair analysis (Additional file 1: Figure S4 ). The SNP pair correlated with HDL (P = 5.87 × 10 −5 ) and triglycerides (P = 1.67 × 10 −9 ). Moreover, it showed a suggestive association with diastolic blood pressure (P = 0.07). But it did not correlate with waist circumference (P = 0.75), fasting plasma glucose (P = 0.55), systolic blood pressure (P = 0.29).
Discussion
Utilizing the MFQLS test, we found 27 SNP pairs associated with metabolic syndrome based on multi-SNPmultiple continuous phenotypes. Our keyword search Single-multi P value P value from a single-SNP-multi-trait association analysis, multi-multi P value P value from a multi-SNP-multi-trait association analysis, CHR chromosome, Meta P value P value from meta-analysis for the term "metabolic syndrome" found single-variant association results in the GWAS catalog. The association of metabolic syndrome or metabolic syndrome-component traits with 21 SNP pairs was found in the GWAS catalog [15] , whereas the association of 6 SNP pairs on the genes SIK3, SIDT2, UBASH3B, and CUX2 was not found (Table 1) . Not only lipid loci but also insulin-associated loci associated with metabolic syndrome. However, most of the variants identified were present in known lipid loci. In contrast, a relatively small number of variants were in other metabolic syndrome-component traits. For example, genetic variants such as rs780092 and rs780094 mapped on the GCKR gene were susceptible variants relative to total cholesterol, fasting glucose level, and lipid metabolism phenotypes [6, 19, 20] . An SNP from the pairs identified here, rs2074356, which mapped on the HECTD4 gene, was previously associated with the glycemic trait [21] . Six of the SNP pairs identified have shown an association with the lipid trait-associated LD region spanning BUD13-ZNF259, APOA5-A4-C3-A1, and SIK3 [6, 13, 19, 22] . Povel et al. [22] reported a systematic review of genetic variants and metabolic syndrome. They suggested that although disturbances in metabolic syndrome-component traits have been proposed to activate metabolic syndrome, most SNPs associated with metabolic syndrome are in genes involved in lipid metabolism [23] . Moreover, Kristiansson et al. [6] showed that genes from the lipid metabolism pathway are factors in metabolic syndrome. However, these investigators found little evidence associated with other metabolic syndrome-component traits such as hypertension and glucose intolerance [6] . Our results were consistent with previous studies. Through the single-SNP-multi-trait analysis, we identified four SNP pairs that were associated with metabolic syndrome but were not in the GWAS catalog. Intronic SNPs on the SIK3 gene showed genome-wide significance in the single-SNP-multi-trait analysis (Table 1) . SNPs on the UBASH3B and CUX2 genes could not be identified by single-SNP-multi-trait analysis (Table 2) , whereas the association of UBASH3B and CUX2 with metabolic syndrome-component traits was reported in the GWAS catalog. For example, two variants, rs7128198 on the 5′-untranslated region and rs7941030 upstream of UBASH3B, were associated with total cholesterol and HDL level, respectively [24, 25] . The intergenic variant rs12229654 between MYL2 and CUX2 showed a pleiotropic effect associated with metabolic syndrome, HDL, and glycemic traits [21, 26] . An association between cardiovascular disease and rs886126, which also identified in our study, was previously reported [27] .
Utilizing multi-SNP-multi-trait analysis, we found an association between the SIDT2 gene and metabolic syndrome or metabolic syndrome-component traits based on an association between metabolic syndrome and rs7107152 and rs1242229. The SNP rs7107152 is within the DNase cluster in the region of transcription factors such as ESR1 and FOXA1 (Fig. 1) . The SNPs rs530885291 and rs508487 showed in the GWAS catalog as proximal to rs7107152 and rs1242229, respectively [15] . However, the pairwise LD score between rs1242229 and rs508487 was low (r 2 = 0.167), indicating little correlation between these two SNPs.
We performed another multi-SNP-multi-trait analysis based on the SNP set test (gene-based test). SNP sets on the PAFAH1B2, SIDT2, and CUX2 genes showed significant P values in the gene-based test (a Bonferroni-adjusted P value threshold is P = 3.45 × 10 −6 ). PAFAH1B2 and SIDT2 reached a replication P value of < 0.05. The SNP set on CUX2 suggested a P value of 0.06 in the (Table 3) ; a larger sample size might have resulted in a significant P value. The SNP set rs7107152 and rs1242229 on SIDT2 was also significant, supporting the association of SIDT2 with metabolic syndrome.
We found evidence from the three online databases that rs7107152 and rs1242229, which are in an intron of SIDT2, correlated with the expression of SIDT2 and TAGLN (Additional file 1: Figure S1 ). Two recent eQTL studies provide further evidence that these two SNPs alter gene expression that is relevant to metabolic syndrome-component traits [28, 29] . From the eQTL analysis between SNP and whole-blood gene expression in 5,257 Framingham Heart Study participants, rs1242229 was reported as a proxy SNP for altered SIDT2 and TAGLN expression in triglyceride [28] . Huan et al. [29] investigated cis and trans eQTL by utilization of the human whole-blood transcriptome data from Framingham Heart Study pedigrees. The SNP rs7107152 also altered SIDT2 expression in triglyceride [8] . The radar chart shows that these variants increase HDL and triglyceride levels among metabolic syndrome-component traits, supporting the hypothesis that genes are a key factor in the link between lipid metabolism and metabolic syndrome (Additional file 1: Figure S4 ) [6, 22] . We conferred that lipid traits such as HDL and TG have the greatest impact on metabolic syndrome, but weak associations such as DBP may also have an impact. However, due to the limitations of current research, the potential weak association must interpret carefully. The eQTL SNPs correlated with SIDT2 and TAGLN expression enriched in the 100-kb region (117000-117,100 kb) around SIDT2 and TAGLN (Additional file 1: Figure S5 ). SID1 transmembrane family member 2 (SIDT2) is a lysosomal integral membrane protein that promotes insulin secretion [30] . Recently, Gao et al. [31] described its activity in insulin secretion. Sidt2 −/− mice exhibit weight loss and increased fasting glucose levels and impaired glucose tolerance. These investigators identified mouse SIDT2 function in lipid metabolism. SIDT2-deficient mice have increased serum triglyceride [32] . TAGLN (Transgelin, sm22α) is an actin-binding protein expressed in smooth muscle cells [33] . Yang et al. [34] revealed that the most enriched pathways caused by SM22α knockout in mice were lipid metabolism, inflammation, and hematopoiesis. We hypothesize that the SNP pair associated with metabolic syndrome activate expression of the genes SIDT2 and TAGLN. A difference in gene expression might inhibit insulin secretion, lipid metabolism, and adipogenesis, resulting in metabolic syndrome (Additional file 1: Figure  S6 ). Although evidence supports the association between the identified SNPs and metabolic syndrome, functional investigations of the SNPs are needed. However, functional investigation using identified 27 SNP pairs in non-coding regions is limited. Given additional information such as imputed SNPs, a metabolic syndrome-associated genetic variant in coding regions may be detected by the statistical test used in the present study.
Conclusions
Our results show that a multi-SNP-multi-trait analysis is an efficient approach for finding variants that have not previously been isolated from single-variant-multi-trait analysis. The advantage of this approach is an increase in statistical power that results from considering the combined effects of two variants. Because P values of identified variants such as rs7107152 and rs1242229 did not reach statistical significance, these variants cannot be identified by single-variant analysis of the same sample size. Although previously identified variants are in lipid loci, these variants and their mapped genes are not reported in metabolic syndrome. Our findings provide insight into the genetic variant contribution to metabolic syndrome.
Methods
Study design and participants
To identify susceptible variant sets associated with metabolic syndrome, we conducted a multi-SNP-multi-trait analysis through the two stages: discovery and replication analysis (Fig. 2) . For the discovery stage, we used genome data from the Ansan/Ansung cohort in the Korean Genome Epidemiology Study, which is known as the Korea Association REsource (KARE) project [35] . In the subsequent replication stage, we used the Health Examinees (HEXA) study cohort, data from which were also used in the GWASs [26, 27] . All participants were between 40 and 69 years of age. Informed consent was obtained from all participants. This study was approved by the ethical committee of the Korea Centers for Disease Control and Prevention Institutional Review Board. Detailed demographic information of participants is shown in Table 4 .
Quality control in GWAS
The KARE data consisted of 10,004 samples genotyped with Affymetrix Genome-Wide Human SNP array 5.0 [26, 35] . We selected 8,842 individuals genotyped with 352,228 SNPs from the quality control process. The quality control criteria and process have been described [21, 26, 35] . We used 351,983 SNPs for the multi-SNPmulti-trait analysis after exclusion of 245 SNPs with ambiguous chromosome numbers and positions. We selected 7,211 of 8,842 participants who did not take lipid-lowering or anti-diabetes medication. For the replication analysis, we selected 2,838 of 3,701 participants from the HEXA study after those taking medication were excluded.
Phenotyping
We considered six quantitative traits as components of metabolic syndrome. We used the National Cholesterol Education Program Expert Panel on Detection, Evaluation, and Treatment of High Blood Cholesterol in Adults (Adult Treatment Panel III) final report guideline as metabolic syndrome definition [4] . For waist circumference, we used modified Asian guidelines, which reduce the limit from > 102 cm to > 90 cm for men and from > 88 cm to > 80 cm for women. Thus, a participant was considered to have metabolic syndrome if he or she had three of the five following features: (1) triglyceride > 150 mg/dL, (2) HDL < 40 mg/dL for men and < 50 mg/dL for women, (3) waist circumference > 90 cm for men and > 80 cm for women, (4) fasting plasma glucose > 110 mg/dL, and (5) blood pressure threshold > 130 mmHg (SBP) and > 85 mmHg (DBP).
Multiple SNP set-multiple trait association analysis
Previously, Won et al. [14] proposed a statistical method for the joint analysis of multiple phenotypes and genotypes. This method, the MFQLS (http://healthstat.snu.ac.kr/software/mfqls/), can be utilized for both quantitative and dichotomous phenotypes. It can be applied to large-scale, genome-wide association analysis as well as family-based samples. The empirical power test showed that it is statistically more efficient than existing methods. In addition, the genome-wide association analysis of 1,801 individuals with obesity showed that P values from the MFQLS were markedly less than those from other methods [14] . In our study, two types of multiple SNP sets, such as paired SNPs and gene-based SNPs having more than three variants, were considered to be multiple genotypes. For the multi-SNP-multi-trait analysis, the MFQLS incorporates both multiple traits and SNPs into a single test statistic. For example, given two traits and two SNPs, the MFQLS tests H 0 : β 11 = β 12 = β 21 = β 22 = 0, where β ij denotes the effect of association between the ith SNP and the jth trait. The effect of these genotypes and the statistical significance of this effect are greater when multiple genotypes and phenotypes are correlated. Of 351,983 SNPs, 344,677 SNP pairs with MAF > 0.01 were selected (a Bonferroni-adjusted P value threshold, P = 1.45 × 10 −7 ). Additional file 1: Table S2 shows MAF of identified SNPs. We extended the gene-based genome-wide association analysis with multiple traits. To select an SNP set for gene-based analysis, we included common SNPs in the first set on the platform used in the discovery and replication stages. We selected gene-based tag SNPs captured with r 2 ≥ 0.8 by the use of Tagger (http://www.broad.mit.edu/mpg/tagger/) for the second set. Consequently, 14,475 SNP sets were selected for gene-based analysis (a Bonferroni-adjusted P value threshold, P = 3.45 × 10 −6 ). Table 3 and  Additional file 1: Table S1 show information about the SNP sets used for the gene-based test.
Two-stage analyses such as estimation of correlation between each SNP and calculation of statistics are used to run the MFQLS.
The Fisher's combined probability test was used to calculate the meta-analysis from discovery and replication results by application of MADAM in the R package.
Single-SNP-multi-trait association analysis
To determine whether a significant SNP pair identified in the multi-SNP-multi-trait analysis was still significant if a different approach was used, we performed a joint analysis between single genotype and multiple phenotypes. An SNP and multiple traits were incorporated into the statistics of a single test and three traits were given, H 0 : β 1 = β 2 = β 3 = 0 and H 1 : not H 0 , where β i denotes the effect of association between a SNP and the ith trait. Covariates such as age and sex were adjusted in the analysis.
SNP pair-metabolic syndrome-component trait association analysis
To determine which metabolic syndrome-component traits are related to the SNP pair rs7107152 and rs1242229, we performed an association analysis between the SNP pair and each metabolic syndrome-component trait.
Additional analyses from online data resources
To examine the expression pattern of each SNP of an identified SNP pair, we utilized three online data resources that provide eQTL information: the portal for GTEx [16] , RegulomeDB [17] , and the NESDA NTR Conditional eQTL Catalog. SNAP was applied to calculate the correlation between identified SNPs and previously known GWAS SNPs [18] .
Additional files
Additional file 1: Supplementary information. Figure S1 . Screenshot of GTEx database for significant SNP pair rs7107152 and rs1242229. Figure S2 . Screenshot of NESDA NTR Conditional eQTL Catalog for rs7107152 and rs1242229. Figure S3 . Screenshot of RegulomeDB for rs1242229. Figure S4 . Radar chart showing the result of the rs7107152 and rs1242229 SNP pair-single trait (metabolic syndrome-component trait) association analysis. Figure S5 . Screenshot from the GTEx database of the eQTL SNP-enriched region around SIDT2 and TAGLN (chr11:117,000,000-117,100,000). Figure S6 Model for how significant SNP pair rs7107152/rs1242229 may affect metabolic syndrome risk. Table S1 . Characteristics of gene-based SNPs set. Table S2 . 
Availability of data and materials
The data supporting the findings of this study is included within the Additional file 2.
Author's contributions SM contributed to the analysis and interpretation of data and to the drafting of the manuscript. YL contributed to the design of the study, analysis of the data, and drafting of the manuscript. SW contributed to the revision of the manuscript. JL contributed to the concept and design of the study and to the revision of the manuscript. All authors approved submission of the final version of the article for publication.
